Introduction
Since the beginning of the 1990s, Information and Communication Technology (ICT) and its impact on students' achievements have interested educators and policy makers.
Alike with the aim to improve digital skills among students, the Organization for Economic-Cooperation and Development (OECD 2010, p. 102) has advanced its use with the argument that there is "a significant influence or effect of ICT on the measured or perceived quality of (parts of) education".
The United Nations Educational, Scientific and Cultural Organization (UNESCO) states that "ICT adds value to the processes of learning, and in the organization and management of learning institutions. The Internet is a driving force for much development and innovation in both developed and developing countries" (UNESCO, 2002, p. 9) . ICT may indeed be seen as important for the quality of the education systems. Through education, a country creates human capital needed to lead to a higher economic growth (Barro, 2001; Hanushek & Kimko, 2000) .
Following the OECD guidelines, European countries has made substantial investments in ICT for educational purposes (OECD, 2015) . The European Commission highlighted the use of ICT for work, leisure and communication as among the key abilities and strengths that students need to improve (European Commission, 2006) .
According to the PISA results from 2009, one computer was available for every two students within schools for most of the OECD countries except for Italy. The disparity within the Italian country is high and only one computer was available up to eight students. In 2012, the gap had decreased and the students-computer ratio was 4.1 to 1 meaning one computer available at school for every four students (Eurydice, 2011 Figure E3, OECD, 2015 .
The European Union (EU) has also advised its Member States to invest in digital technologies within their education systems. The Member States agreed to promote the use of new ICT tools within the first cycle of the Strategic Framework for Education and Training known as 'ET 2020' (Eurydice, 2011) . This initiative followed the eLearning initiative promoted in 2000 by the European Commission (2000) with the goal to improve the effectiveness of European education systems, and also the 3 competitiveness of the European economy. The integration of ICT at school has seen as a powerful tool to improve technology-related competencies for all students.
The literature regarding the impact of ICT on students' achievements is quite extensive. Several meta-analyses, experimental and parametric studies have been produced but the literature is not unanimous with regard to the effect of ICT on educational outcomes. Cheung & Slavin (2013) provide a meta-analysis study showing that the use of technological applications in education have, in general, a positive impact on students' outcome. Another study from Germany adopting the Programme for International Students Assessment (PISA) survey shows that there is no effect of the use of ICT on PISA test scores (Wittwer & Senkbeil, 2008) . The divergent outcomes of those studies suggest that new evidences and approaches are warranted.
This paper assessed whether the use of ICT have had an impact on test scores using large-scale data such as OECD-PISA survey by a new flexible nonparametric model.
PISA 2012 survey is a very rich data which also contains questions on the use of ICT among students. As Rojano (1996) states in her work, technology allows students to have the perception of owning the subject. Using a computer with the appropriate software, students can present and observe solutions in real time, for example, how the shape of a geometric object can change.
The paper contributes to the literature by providing new evidences with the application of a new non-parametric methodology compared to what previous researchers have applied (Angrist & Lavy 2002; Cheung & Slavin 2013; Machin et al. 2007 ). Moreover, students from 32 OECD countries included Italy, who participated in the PISA 2012
Paper-Based Assessment (PBA) were also invited to take a reading and mathematics test on computers 1 . The case of Italy is interesting given the results of Italian PISA 2012 test scores above the OECD average using the Computer-Based Assessment (CBA) compared to the results that students obtained in PISA 2012 using the PaperBased Assessment (PBA). It is worth to mention that Italian PISA scores using PBA test have usually been below the OECD average in all different set of tests such as reading, mathematics and science (OECD, 2015) .
1 Computer-Based Assessment for PISA 2012 did not include science literacy.
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The paper uses a new nonparametric methodology known as Bayesian Additive
Regression Trees (BART). The BART model was developed by Chipman et al. (2010) and Hill (2011) and, first applied by Cabras & Tena Horrillo (2016) using Spanish PISA 2012 data. It is a new flexible econometric model which makes it possible to deal with the problem of endogeneity that arises using surveys such as PISA. From an econometric perspective, student and school characteristics may be correlated and the omission of some variables may generate endogeneity bias.
The motivation to adopt the BART model in the field of economics of education is, mainly related to the fact that learning processes are complex, unknown and very heterogeneous. The model relaxes the parametric assumptions and addresses the sample selection problems in survey data as PISA data. The BART model has the aim of providing new results on a single country perspective and stimulate further debates among researchers. The focus, then, on student performance in mathematics is highly correlated to results in reading so that the results presented for mathematic test score can be generalized also to reading.
The rest of the paper is organised as follows. Section 2 reviews the literature, Section 3 presents a review of the Bart Additive Regression Trees and data used in the empirical study, Section 4 provides the main estimation results and robustness check, and Section 5 summarises the results.
Literature
The study of the impact of ICT use on mathematics test score in primary and secondary schools has gained interest in the academic literature since the beginning of the '90s.
Meta-analyses and single studies have been published but, results are still mixed as several studies have shown (Hatlevik et al. 2015a (Hatlevik et al. , 2015b Rutten et al. 2012; Luu & Freeman, 2011; Tamin et al. 2011; Balanskat et al. 2006; Pedrò, 2006; Hakkarainen et al., 2000; Kulik & Kulik, 1991) .
The existing literature can be grouped into three main areas according to the methodology applied in the study. Some studies have adopted parametric models (Machin et al., 2007; Goolsbee & Guryan, 2006 , Angrist & Lavy, 2002 , a study was 5 conducted through experiment as in Banerjee et al. (2007) while others adopted nonparametric models (Cabras & Tena Horrillo, 2016; Spiezia, 2010; Fuchs & Woessman, 2004) . This literature review, however, provides a short survey of the numerous studies on the topic. Angrist & Lavy (2002) adopt Ordinary Least Squared and the Instrumental Variables (IV) strategy using test scores for Israeli for 1998. They find a negative impact for mathematic test scores after the introduction of computers at school. In the UK, Machin et al. (2007) also using IV strategy show that higher investment in ICT leads to better educational outcomes for reading and science but not for mathematics.
Regarding studies using experiment, Banerjee et al. (2007) conduct a randomized experiment in India to study the causal impact of computers on students' performance.
They compare the change in the test scores among students who received the treatment and students who did not receive it represented by the use of a computer. They find that students who were able to use a computer have also higher mathematic test score compared to their peers.
Among some studies that have applied non-parametric methods and PISA data, there The BART model allows them to overcome the endogeneity problem that arises from the survey and using some control variables, their findings show that the use of ICT has a strong positive effect on students' achievements. This paper follows the methodology in Cabras & Tena Horrillo (2016) for Italian data.
In Italy, the investment in ICTs and its introduction at all levels of compulsory education, is crucial for the development of digital skills (Annali della Pubblica and South, the Italian National Statistics Office (Istat, 2015) showed that the gap is also present in digital infrastructures but, it underlines that during last years the achievements are negatively affected when students use computer at school compared to using a computer at home. A more recent study that focuses on the impact of ICT on students' outcome which includes Italian data is by Agasisti et al. (2017) . They employ data from the OECD-PISA 2012 for 15 European countries. Despite they focus mainly on the effect of using ICT at home for school related tasks, they also show that for higher values of ICT used at school, there is a decrease in the test score. 
Research Method
This section discusses data collection and the research design represented by the econometric model for estimating the causal effect of some treatment variables identified with the use of computer or laptop or tablet at school, on students' mathematic test scores. It also includes the data analysis and all variables used in the study.
Participants
This article uses the fifth wave of PISA survey conducted by the OECD in 2012. PISA survey is administrated by the Italian National Evaluation Committee (INVALSI) and subsequentially is elaborated by the OECD. The PISA survey is a cross-national survey, carried out every three years and since 2000, its main goal is to assess 15 yearold students' performance in reading, mathematics and science literacy as well as problem-solving skills.
Since 2009, the survey contains a questionnaire on students' familiarity with ICT where students give information on which kinds of technology they have at their disposal at home and also at school; whether they use them and how often they use them and for what purposes. The survey also contains questions for self-assessment, in other words it askes the level of proficiency and confidence of students using a ICT tool. The database contains detailed information on students' characteristics as well as on family and schools characteristics.
The Italian PISA results are interesting to study because, in 2012, the survey was also 
Research design (Review of Bayesian Additive Regression Trees)
Causality defines the causal relationship in terms of potential outcome frameworks for describing what would happen to a given individual in a hypothetical comparison of alternative scenarios. In the first case, there is the factual situation while in the other case the counterfactual situation. In this paper, counterfactual situations are operationalized by using the notation suggested by Rubin (1978) . The potential outcomes are:
The dependent variable is the OECD-PISA mathematic test score, while the treatment is a binary variable expressed by = 1 whether a student uses a computer, a laptop or a tablet at school or = 0 otherwise. To overcome the endogeneity problem and assuming independency among outcomes and treatment variables, several covariates should be included in the model controlling Looking at individuals with the same characteristics, { 1 , 0 } and the treatment , the dependent variable Y is conditional independent:
The Bayesian Additive Regression Trees (BART) provides a framework for flexible nonparametric modelling of the relationships of covariates to outcomes and it is a treebased variable selection making use of the internals of the decision tree structure.
Estimation of the model BART
Decision tree ensembles have become a popular tool for obtaining high quality predictions in nonparametric regression problems, also motivated by the success of methodological approaches such as boosting (Chipman et al. 2010; Denison et al. 1998 ). They use an algorithm to learn the relationship between the response and its predictors (Breiman, 2001 ) assuming that the data-generating process is complex and unknown. In this framework, the approach of the BART model allows to estimate the response outcome and the counterfactual result using an extension of a non-parametric 
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This paper follows the application of the BART methodology for Spanish PISA data in the study by Cabras & Tena Horrillo (2016) . Their study is the first that applies a non-parametric model within the framework of Bayesian models in educational studies. The aim of BART is to estimate the posterior probability distribution of the causal effect conditional to some covariates π (ATE|X) using its flexibility in high nonlinear response surfaces even with a large number of predictors (with great out-ofsample prediction properties).
For this BART model, there are a sum of trees with a prior distribution over the depth of the splits and the values at the leaf nodes. The a sum of trees is fitted in the context of the rest and on the iterative algorithm and each tree is modified one by one based on the residuals from the generation of previous trees (unlike random forests, where each tree is independent). This means that there is an informative prior and allows BART to better captures additive effects.
Formally, all observations begin in a single root node and then, the root node's splitting rule is chosen by the algorithm and consists of a splitting variable and a split point c. The observations in the root node are split into two groups, based on whether the splitting variable is greater or smaller than the split point ≥ or < . The two groups become a right daughter node and a left daughter node while within each of the two nodes, additional binary splits can be chosen.
The equation for the basic BART model also defined as likelihood function is the following:
where ( ) is a Bayesian decision tree model as described in Chipman et al. (2010 Chipman et al. ( , 1998 ) with as splitting variables, z is the treatment effect that belongs to the individual whose response is Y and have the error term normally distributed
) where 2 the residual variance. The term refers to decision tree where j refers to the number of trees which goes from 1 to m, where m is the total number of trees in the model while is the function values at the terminal nodes.
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The Additive Regression Trees employs an ensemble of such trees in an additive fashion, that is, it is the sum of m trees where m is typically large such as 200, 500, or 1000. The model is fitted via a back-fitting Gibbs sampler that draws from the joint posterior distribution of all the trees and terminal node parameters and the standard deviation, given the data (Chipman et al., 2010) . Each tree is iteratively fitted and based on the residuals generated from the previous trees, at the current iteration of the Gibbs sampler until a predetermined number of iterations is reached. The prior on and strongly favours small trees and leaf parameters that are near zero, constraining each term in the sum to be a "weak learner".
Starting from the root node, the probability that a node at depth d splits (is not terminal)
is given by 
Data analysis
The sample consists of 21,520 observations and 925 variables. The final PISA sample was chosen randomly and the selection probabilities of students vary so weights must be used to be sure that the sample represents correctly the full PISA population (OECD, 2014) . The final sample consists of 21,520 observations and 17 variables chosen for the study. It is a sub-sample created to estimate the prediction model for the dependent variable that it is the PISA test score in mathematics defined as plausible values (pv1math).
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The estimation uses variables related to students' characteristics such as gender, relative age related to whether the student is born before the first half of the year (before June) or after, whether the student attended or not the pre-primary school, the immigration status, family structure and how much time a student spend using internet Other variables are included to control school characteristics such as the quality of educational resources at school expressed by the variable school_resources, the student-teacher ratio, whether the school is a public or private school. Then, the index of availability of computers with the variable computer_ratio obtained by dividing the number of computers at school by the number of students at school, class size related to the number of students in each class and mathematics teacher-students ratio.
Descriptive statistics are summarised in Table 2 in Appendix A.
The treatment variable is the use of computer, laptop, tablet at school indicated by the variable "Treatment" that has value 1 if the student use, at least, a computer, a laptop or a tablet at school. The treatment variable is used to compute the causal effect on the dependent variable, the mathematic test score. The sample histogram for the dependent variable (math test score) for students who use or not use a computer, laptop, tablet (treatment variable) is shown in Figure 2. 14 The histogram shows the distribution of the use of computer, laptop or tablet among students at school. The treatment variable = 1 indicates 14,937 students who use it and 6,583 students who do not use it. Therefore, 14,937 out of 21,520 students use ICT and it is an unbalanced sample that classical parametric approaches can estimate without problems.
Estimation results
This section presents the main results of the impact of the ICT on Italian mathematic test scores using PISA 2012 data and the flexible BART model discussed in Section 3. After the construction of trees, the fitted values are assigned to each terminal node.
The fitted values will be the average of response values for the regression tree and the majority class for the node in the classification trees. Figure 3 shows three steps in the growth of a classification tree for response y with levels "0" and "1" and predictor Z. The classification tree above shows how the root -that is the starting point of the tree -is splitted. If half of students use a computer at school (>=0.5) the predicted number of test scores will be 2 with probability of 66.1%. For the other half of students who do not use a computer at school, there is no final prediction but rather there is another split. The process continues until there are no splitting points. The end part of the tree consists of "leaves". In between root and leaves, there are decision nodes from where new splits are generated. The percentages represents the percentage of the total sample which must be 100%.
The posterior distribution of the marginal causal effect in Figure 4 is derived by the simulated differences between the mean of the posterior predictive distribution for students that use or not use a computer or laptop, or tablet at school at school. The approximation is generated by means of MCMC draws, of the posterior distribution π(ATE|D). The posterior distribution for the Italian case shows a positive effect of 99%. The size of the posterior distribution is given by the ratio of the posterior probability and its magnitude which indicates that it is on average, 16 times more likely 16 that ICT, such as the use of a computer or a laptop or a tablet at school, has a positive impact on educational outcomes. In particular, taking a closer look at the confident interval at 99%, results also show that the effect of ICT is within the interval 2.97 and 9.23 meaning that the effect is substantially strong positive. For the immigration status, meaning whether ICT is more beneficial for native or immigrants students, estimating the ATE and the posterior distribution for both of them the effect is around 99.8% for non-native students and 99.7% for native students. Students who are not natives have also beneficial effects from the use of ICT. It is possible to say that the ICT has anyway a strong impact on immigrants and may be helpful for them for filling some gaps.
The final model aggregates four post-burn-in chains for the four cores indicated in the parameter that yields the 1,000 total post-burn-in-samples. This gives the drawback of effectively running the burn-in serially and add the benefit to reduce auto-correlation of the sum-of-trees samples in the posterior distribution since the chains are independent giving a greater predictive performance. The pseudo-R 2 for in-sample is 17 0.53 and higher compared to 0.24 of the parametric study adopting the Ordinary Least Squared (Table A2 -Appendix A). Figure 5 illustrates that predictive performance levels off around m = 20 with an improvement with the further trees. The summary of the posterior distribution in Figure 6 shows the p-value for ShapiroWilk test of normality of residuals. Figure 5 displays that the predictive performance levels are off around 50 trees and there is a stationary trend. and each plots exhibits a stationary process.
In conclusion, it is possible to check which variables are the most important in the model counting how many times a variable appear in a tree indicating which variables have a more important role in affecting students' results. Figure 8 indicates the average variable inclusion proportions.
Figure 8: Average inclusion proportion
Notes: Author's calculation using R software.
This figure shows the results after assessing the splitting rules in the m trees across the post-burn-in MCMC iterations. This process is also known as inclusion proportions (Chipman et al. 2010) and it represents for a given predictor or covariate, the proportion of times that the variable has been chosen as a splitting rule out of all splitting rules among the posterior draws of the sum-of-trees model.
For this study, the variable which appears several times and is the most important for explaining the response is the variable determining whether school is a public or private school. In this study, the variable assumes dummy characteristics with public school taking value 1. It is possible to conclude that public school variable has more weight in predicting results in test score. A robustness check is presented comparing the BART model with the traditional parametric model such as the linear regression.
Estimation results of the linear regression are presented in The analysis and interpretation of the results from the Bayesian analysis suggest the positive impact of the ICT on students' test scores and the predictive power of the model to explain the causal effect.
Conclusion
This The paper shows that using ICT at school leads to better learning and knowledge acquisition among students and leads to better results among the students' mathematics scores. The non-parametric analysis as the Bayesian analysis is able to overcome the issue in PISA when the number of potential confounding variables is large. As it does not require any subjective decision by the scholar expect for the indication of the treated variable, BART allows to be also implemented also in different contexts.
Analysis of normality but also the analysis of the converge diagnostics showed that hence, an effective model for causal inference as Hill (2011) showed as there is no need to estimate several models as traditional parametric analysis such as propensity score matching can require. However, BART model can be demanding in terms of computational algorithm and there is a need for further applications and improvement of the model using also different data.
Appendix A Robust standard errors are shown in brackets below. Superscripts ***, **, * denote statistical significance at the 1, 5 and 10 per cent levels respectively.
